Study region: The Ganges-Brahmaputra (GB), a major river basin of the Indian Sub-Continent (ISC), is the host of more than 700 millions people. Study focus: In addition to monsoons and strong climate variability, GB is facing growing demands for freshwater availability by a continually growing population and rapidly developing of * Corresponding author at: Institut de Recherche pour le Developpement, LEGOS, IRD/CNES/CNRS/UPS, Toulouse, France. , contributing to about 45% of the Gravity Recovery And Climate Experiment (GRACE)-derived total water storage variations (TWS). During the drought-like conditions in 2006, we estimate that the SWS deficit over the entire GB basin in July-August-September was about 30% as compared to other years. The SWS variations are then used to decompose the GB GRACE-derived TWS and isolate the variations of SSWS whose mean annual amplitude is estimated to be ∼550 km 3 . This new dataset of water storage variations represent an unprecedented source of information for hydrological and climate modeling studies of the ISC.
Introduction
Terrestrial waters, despite being less than 1% of the total amount of water on Earth's ice-free land, are not only essential for life and human environment, but also play a major role in climate variability. Freshwater on land is stored in various reservoirs, including ice and snow, glaciers and ice caps, aquifers and soils, and surface waters, comprising of rivers, lakes, man-made reservoirs, wetlands and seasonally inundated areas. Terrestrial water is thus an integral part of the climate system as it continuously exchange with the atmosphere and the oceans. Understanding the flow, spatial distribution, storage and variability of freshwater on land is thus fundamental to study the global water cycle, as well as for the management of water resources (Chahine, 1992; Kundzewicz et al., 2007 ).
An improved description of the components of the global water cycle is now recognized as being of major importance; however the distribution and spatio-temporal variations of terrestrial water storage are still poorly known at regional-to-global scale (Alsdorf et al., 2007; Papa et al., 2010a Papa et al., , 2013 Frappart et al., 2012) . It leaves open several basic questions regarding the land surface water budget: how much freshwater is stored at the surface/sub-surface of continents? What are the spatial and temporal dynamics of terrestrial water storage and how are these linked to climate variability and anthropogenic pressure?
These questions are fundamental to understand the water cycle of the Indian Sub-Continent (ISC), a region that occupies ∼4% of the world's land area, supports ∼25% of the global population, and whose biophysical environment and economic development are crucially dependent on water availability (Hoekstra et al., 2012) .
In particular, the ISC is drained by three of the largest river systems in the world, the Ganges, the Brahmaputra and the Indus. On its own, the Ganges, Brahmaputra and Meghna river basin (hereafter referred to as the Ganges-Brahmaputra basin or GB, Fig. 1 ) covers an area more than 1.7 million km 2 , across India, China, Nepal, Bhutan and Bangladesh, and the combined basin hosts more than 700 million people. It is the third largest freshwater outlet to the world's oceans, being exceeded only by the Amazon and the Congo River systems (Chowdhury and Ward, 2004) . It accounts for <25% of the total amount of freshwater received annually by the Bay of Bengal, which has a significant influence on the regional climate (Sengupta et al., 2006) .
The GB river basin is unique in the world in terms of its climate and great availability of freshwater that is highly seasonal and driven primarily by monsoonal rainfall (Chowdhury and Ward, 2004; Papa et al., 2010b Papa et al., , 2012a . The basin is facing strong climate variability with alternate periods of floods or droughts and water management is problematic due to the growing demands for a continually increasing population and needs for the agriculture and industrial sectors (Gain and Wada, 2014; Asada and Matsumoto, 2009) . Facing huge development pressures, the supply of clean and uncontaminated freshwater has fallen far short of demand and part of the ISC is now facing acute shortages of drinking and agricultural water supply (Hoekstra et al., 2012; Babel and Wahid, 2008) .
In Bangladesh, for instance, the intensive use and over-abstraction of groundwater for dry-season irrigation and city water supply has led to a rapid decline of groundwater tables in many parts of the country (Shamsudduha and Uddin, 2007; Shamsudduha et al., 2009 Shamsudduha et al., , 2011 Konikow and Kendy, 2005; Hoque et al., 2007) . As current groundwater withdrawal possibly exceeds the potential groundwater recharge, reduction in long-term groundwater storage, referred to as "groundwater depletion", have recently been reported in Northern India and Bangladesh (Rodell et al., 2009; Tiwari et al., 2009; Shamsudduha et al., 2012) .
Consequently, there is now a widespread recognition of the need for better monitoring of terrestrial freshwater dynamics; this would enable us to properly quantify their impacts and links to climate variability and anthropogenic pressure.
Until recently, our knowledge of the spatio-temporal variations of continental waters relied upon sparse in situ observations, global land surface models and global-regional hydrological models. But in situ gauge observations provide limited information about large spatial dynamics of terrestrial waters and their public access for transboundary rivers, such as GB, is restricted by government agencies (Papa et al., 2010b (Papa et al., , 2012a . The lack of spatial-temporal observations of freshwater storage at large, basin scale limits our ability to monitor and forecast the available supply of freshwater over the entire GB basin (Alsdorf et al., 2007; Decharme et al., 2008 Decharme et al., , 2012 Yamazaki et al., 2011; Getirana et al., 2012) .
In this context, remote sensing techniques have been very useful to hydrology investigations especially over the last twenty years and with the advent of monitoring hydrology from space (Alsdorf et al., 2007; Papa et al., 2013; Frappart et al., 2006; Calmant et al., 2008; Prigent et al., 2007, among others) . The concept of measuring the hydraulics of inland water bodies from space was first brought forth in the late 1990s based on the successes of the Topex-POSEIDON (T-P) radar altimetry mission that provided a systematic monitoring of water levels of lakes (Birkett, 1995; Crétaux et al., 2005) large rivers (Birkett et al., 2002) and floodplains . Multi-satellite remote sensing techniques also provide important information on land surface waters, such as the spatial and temporal variations in surface water extent at the global scale (e.g., Papa et al., 2006 Papa et al., , 2008a Papa et al., , 2010a Prigent et al., 2001 Prigent et al., , 2007 Prigent et al., , 2012 .
Since 2002, the Gravity Recovery And Climate Experiment (GRACE) provides, for the first time, precise measurements of spatio-temporal variations in total terrestrial water storage or TWS (the sum of ground water, soil water, surface water and snow pack) (Ramillien et al., 2005; Tapley et al., 2004) at seasonal and basin scales. Several studies have estimated groundwater storage change (GWS) from GRACE-derived TWS change after deducting the contribution of changes in the other water storage compartment, including soil moisture storage (SMS), surface water storage (SWS) and ice and snow storage (ISS). Indeed, over a period of time (t), the change in GWS can be obtained from the following decomposition of change in TWS:
Accurate partitioning of GRACE-derived TWS into the different water storage contributions is therefore critical in quantifying GWS. Several approaches using auxiliary information on the other components of TWS, from either in situ observations or land-surface models are used to produce a time series of groundwater storage anomalies in northern India (Rodell et al., 2009) , in the Indo-Gangetic Plains (Tiwari et al., 2009 ) and in Bangladesh (Shamsudduha et al., 2012) .
However, as the contribution of SWS to TWS can be substantial, sometimes up to 50% especially in humid environments and in monsoon dominated river basins Shamsudduha et al., 2012; Frappart et al., 2008 Frappart et al., , 2011 Frappart et al., , 2012 Han et al., 2009; Kim et al., 2009) , the use of global-scale land surface models or sparse in situ measurements is not sufficient to accurately quantify SWS changes in order to estimate GWS from GRACE data.
Recently, some efforts have been undertaken to quantify the surface freshwater storage and its variations at seasonal to interannual time scales, using satellite observations. The approach combines surface water extent observations from a multi-satellite technique (Papa et al., 2010a; Prigent et al., 2007 Prigent et al., , 2012 ; the Global Inundation Extent from Multi-Satellite called hereafter (GIEMS)) and radar altimeter-derived height variation of rivers, wetlands and flood inundations (Frappart et al., 2006) . It was first developed and applied over the Rio Negro, a sub-basin of the Amazon (Frappart et al., 2008 (Frappart et al., , 2011 , and also tested over a boreal environment in the Ob River basin (Frappart et al., 2010) . Using continuous water level observations derived from the Environmental Satellite (ENVISAT) radar altimeter ) between 2003 , Frappart et al. (2012 provides for the first time monthly variations of SWS for the entire Amazon basin highlighting the exceptional drought of 2005. The combination of GIEMS and altimeter observations has thus proved to be a new powerful and reliable tool for monitoring large-scale surface freshwater storage dynamics and for understanding basin-scale hydrology.
In this work, we propose to further develop this observation-based technique to estimate SWS variations in rivers, floodplains, lakes and wetlands of the GB basin for the period [2003] [2004] [2005] [2006] [2007] , and together with GRACE measurements, to quantify the "subsurface water storage" change (SSWS, i.e., the sum of GWS and SMS changes).
Section 2 presents the datasets used in this study. In Section 3, we discuss the methodology for deriving SWS from a combination of multi-satellite observations. In Section 4, the results are presented and discussed over the [2003] [2004] [2005] [2006] [2007] period. An evaluation is performed comparing the new estimates with other external datasets such as GRACE-derived TWS, in situ river discharge observations and precipitation. Finally, conclusions and perspectives are presented in Section 5.
Dataset and evaluation
2.1. Multi-satellite-based surface water extent dynamic (GIEMS)
The complete methodology that captures the extent of episodic and seasonal inundation, wetlands, rivers, lakes and irrigated agriculture, at the global scale, is described in detail in Prigent et al. (2001 Prigent et al. ( , 2007 Prigent et al. ( , 2012 and Papa et al. (2006 Papa et al. ( , 2010a . The technique, which we summarize here, uses a complementary suite of satellite observations covering a large wavelength range: 1) Advanced Very High Resolution Radiometer (AVHRR) visible (0.58-0.68 m) and near-infrared (0.73-1.1 m) reflectances and the derived Normalized Difference Vegetation Index (NDVI); (2) passive microwave emissivities between 19 and 85 GHz. These are estimated from the Special Sensor Microwave/Imager (SSM/I) observations by removing the contributions of the atmosphere (water vapor, clouds, rain) and the modulation by the surface temperature (Prigent et al., 1997 . The technique uses ancillary data from the International Satellite Cloud Climatology Project (ISCCP) (Rossow and Schiffer, 1999) and the National Centers for Environment Prediction (NCEP) reanalysis (Kalnay et al., 1996) ; (3) backscatter at 5.25 GHz from the European Remote Sensing (ERS) satellite scatterometer.
Observations are averaged over each month and mapped to an equal area grid of 0.25 • resolution at the equator (each pixel equals 773 km 2 ) (Prigent et al., 2001 ). An unsupervised classification of the three sources of satellite data is performed and the pixels with satellite signatures likely related to inundation are retained. For each inundated pixel, the monthly fractional coverage by open water is obtained using the passive microwave signal and a linear mixture model with end-members calibrated with scatterometer observations to account for the effects of vegetation cover (Prigent et al., 2001 . As the microwave measurements are also sensitive to the snow cover, snow and ice masks are used to filter the results and avoid any confusion with snow-covered pixels (Armstrong and Brodzik, 2005) . Because the ERS scatterometer encountered serious technical problems after 2000, the processing scheme had to be adapted to extend the dataset and monthly mean climatology of ERS and NDVI-AVHRR observations are used (Papa et al., 2010a; Prigent et al., 2012) . Fifteen years of global monthly water surfaces extent for the period 1993-2007 are available . This dataset has been extensively (i) evaluated at the global scale (Papa et al., 2008a (Papa et al., , 2010a Prigent et al., 2007) and for a wide range of environments (Papa et al., , 2008b Frappart et al., 2008) ; and (ii) used for climatic and hydrological analyses, such as the evaluation of methane surface emissions models (Bousquet et al., 2006; Ringeval et al., 2010) and the validation of the river flooding schemes coupled with land surface models (Decharme et al., 2008 Getirana et al., 2012; Ringeval et al., 2012; Pedinotti et al., 2012) . Fig. 2 shows GIEMS characteristics over the GB basin (Fig. 2a) . Fig. 2b and c shows respectively the annual mean and annual maximum extent of surface water averaged over 15 years (180 months). They exhibit very realistic distributions of major rivers (Ganges-Brahmaputra-Meghna River systems) and their tributaries and distributaries. Associated inundated areas, wetlands and the region of the Bengal delta are well delineated even in the presence of complex areas characterized by extensive flooding. The spatial distribution of GIEMS was extensively evaluated against high-resolution (100 m) SAR images in Prigent et al. (2007) and in Aires et al. (2013) over the Amazon basin leading to an overall GIEMS uncertainties of ∼10% for GIEMS. Over the SIC (and especially GB), the spatial distribution of GIEMS basin was evaluated against static surface water dataset (Global Lake and Wetland Dataset, GLWD-3, (Lehner and Doell, 2004) ) and other related hydrological variables (precipitation, altimeterderived river heights, river discharge) in Papa et al. (2006) and in Prigent et al. (2012) , as well as using other regional surveys representing various components of wetland and open-water distributions (Adam et al., 2010) .
Seasonal and interannual variations in surface water extent and associated anomalies over the GB Basin are presented in Fig. 2d and e. The extent shows a strong seasonal cycle ( Despite the fact that GIEMS is broadly able to capture the distributions and variations of surface freshwater in the GB basin, some analysis (Papa et al., 2010a; Lehner and Doell, 2004) suggested that the method might encounter difficulties in accurately discriminating between very saturated/moist soil and standing open water, especially in the delta region. This can lead to potential overestimations of actual surface water extents, especially for pixel with very high flood coverage (see the histogram sin Fig. 2d of Papa et al. (2010a) ). To overcome this issue, we use here external information on flood coverage from the Dartmouth Flood Observatory database (http://floodobservatory.colorado.edu) that provides surface water extent observations derived from the MODerate-resolution Imaging Spectroradiometer (MODIS) for the period 2002-2012. In particular, we use the MODIS-derived map of maximum inundation over the GB to set a maximum threshold on GIEMS observations: when a GIEMS pixel has a value higher than the one from the MODIS-derived map of maximum inundation, the GIEMS value is replaced by the MODIS-derived maximum inundation value.
ENVISAT radar altimeter observations over the Ganges and the Brahmaputra Rivers
Radar altimeters onboard satellites are initially designed to measure the ocean surface topography by providing along-track nadir measurements of water surface elevation. For a complete description of altimetry and the construction of surface water level time series over the oceans (or ice sheets), we refer to Fu and Cazenave (2001) . The technique can be summarized as follows: altimeters emit a pulse at the nadir to Earth and receive the echo back after it is reflected by the observed surface. Assuming that the pulse is propagating at the speed of light, a precise measurement of the roundtrip time between the satellite and the Earth's surface gives the distance between the satellite and the surface called range R. However, as electromagnetic waves travel through the atmosphere, corrections related to the delayed propagation through the atmosphere or the interaction with the ionosphere Fig. 3 . The location (red circles) over the Ganges-Brahmaputra River basin of the 58 ENVISAT radar altimeter virtual stations (VS, i.e. where river water level variations are estimated at the intersection between the altimeter ground tracks and the river). The locations of the in situ discharge and river height stations (Hardinge for the Ganges and Bahadurabad for the Brahmaputra) are displayed with blue circles. The respective catchment areas are shaded as in Fig. 2a . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)
need to be applied. Given that the satellite altitude Hsat, with respect to a reference ellipsoid, is known accurately by precise orbitography calculation, the height H of the observed reflector with respect to the geoid is given by:
where Ci is the correction for delayed propagation through the ionosphere, Cd (d for dry) and Cw (w for wet) are corrections for delayed propagation in the atmosphere, accounting respectively for air and humidity density. Cs and Cp, the solid and polar tides respectively, are additional corrections applied to correct the instantaneous height disturbed by the solid Earth and polar tides into a mean, undisturbed height. N is the geoidal anomaly, substracted at the ellipsoidal height to get orthometric heights, or altitudes. For continental water studies, radar altimeter derived water level data have long been shown to be precise enough and are now used for systematic monitoring of large rivers, lakes, wetlands and floodplains (Crétaux et al., 2005; Frappart et al., 2005; Santos et al., 2010 Santos et al., , 2012 . Over the GB river basin, Papa et al. (2010b Papa et al. ( , 2012a used water levels measured by four altimeter satellites to infer GB river freshwater flux into the Bay of Bengal: 10-day T-P-derived Ganges and Brahmaputra river level heights from 1993 to 2001, along with 35-day ERS-2 and ENVISAT time series for the period 1995-2002 and 2002-2008 respectively and finally 10-day Jason-2 observations from 2008 onwards. Recently ENVISAT observations were used to quantify the major flood event in 2008 that affected the Kosi River, a major tributary of the Ganges (Pandey et al., 2014) .
In the present study, we use ENVISAT radar altimeter observations over the GB basin in order to estimate time series of river level heights variations. As a part of the Earth Observation Program, the satellite ENVISAT was launched in March 2002 by the European Space Agency (ESA), with, among 10 other instruments, a nadir radar altimeter (RA-2 or Advanced Radar Altimeter) making high-precision dual-frequency (Ku and S bands) observations. ENVISAT is on a helio-synchronous circular orbit with an inclination of 98.5 • , a 35-day repeat period and sampling the 81.5 • N-81.5 • S latitudinal domain. Because radar altimetry is a profiling and not an imaging technique, the ENVISAT orbit ground-track has an inter-track distance of approximately 80 km at the equator (Zelli, 1999) .
Given the orbit configuration, there are several intersections between the satellites ground tracks and the Ganges and Brahmaputra rivers or their major tributaries. The intersections where water levels can be derived are termed as "virtual stations". Fifty-eight of them were built in the GB basin using ENVISAT RA-2 measurements and their locations are shown in Fig. 3 . Twenty were already available from the Hydroweb database, providing time series of water levels of large rivers, lakes and wetlands around the world (http://www.legos.obs-mip.fr/en/soa/hydrologie/hydroweb/). Following the same procedure, we constructed this dataset with 38 other virtual stations for which we derive ENVISAT time series of water stage variations for each pass using the Virtual ALtimetry Station software (VALS, 2010, Virtual ALtimetry Station Software, Version 0.6.2, available online at www.mpl.ird.fr/hybam/outils/ logiciels test.php). VALS is a Java-based toolbox that was developed to interactively select altimetry data at the virtual stations and apply the corrections individually to satellite passes (Santos et al., 2010) . The ENVISAT altimetric observations that we use come from the Centre de Topographie des Océans et de l'Hydrosphère (CTOH, http://ctoh.legos.obs-mip.fr/), a French observation service that distributes the geophysical data records provided by the space agencies with additional parameters. The VALS data processing has three steps and is described in detail in Santos et al. (2010 Santos et al. ( , 2012 . The first step consists of a rough selection of the region using imagery from satellite such as Google Earth or the GeoCover Landsat Thematic Mapper orthorectified mosaics available from the MrSID Image Server at https:// zulu.ssc.nasa.gov/mrsid/mrsid.pl). The second step consists of refining the selection in a cross-sectional view. The third step consists of the computation of master points per pass. Following the conclusions of Frappart et al. (2006) , the median value instead of the mean value is computed for each pass using the data subset selected in the second step. In order to estimate the range R (Eq. (2)), several tracker algorithms can be used to best fit the highly variable time distribution of the echo energy bounced back by the very different types of surfaces in the satellite field of view. Comparing the performances of several existing algorithms (OCEAN, Ice-1, Ice-2. . .) for continental hydrology, Frappart et al. (2006) , and more recently Santos et al. (2010) concluded that the Ice-1 algorithm, primarily designed for ice sheets, provided the most robust estimated water stages on rivers and lakes. Therefore, here we use the range values calculated by the Ice-1 retracking algorithm. Finally, river height water levels are referenced to the Earth Gravitational Model EGM2008 (Pavlis et al., 2008) with respect to WGS 84 reference (The World Geodetic System 1984, http://earth-info.nga.mil/GandG/wgs84/). It is important to note that, in terms of single river level height measurements, there are several other factors, beside the choice of a certain tracker to retrieve the altimetric range or the river width, that could introduce uncertainties in the height measurements: for instance, the precision of the estimated satellite orbit or the uncertainties in datasets used to correct atmospheric contributions can also have a non-negligible impact. However, uncertainties/errors due to these factors will not be evaluated nor discussed in this paper.
The time series at each location is available for the period August 2002 to October 2010, date when the ENVISAT satellite was placed on another orbit. Note that for 8 virtual stations located on ENVISAT descending tracks, the time series present significant gaps for the cycles 31-55 (from 05/10/2004 to 26/02/2007). This corresponds to cycles when ESA chose the northern part of the ISC region to systematically perform the control operations on the satellite. During these operations, the ENVISAT altimeter was not operating. For these virtual stations, we replace the missing observations with the monthly average estimated at the virtual station over the period October 2002 to October 2010.
Ancillary data 2.3.1. GRACE data
The Gravity Recovery And Climate Experiment (GRACE) mission, launched in March 2002, provides measurements of the spatio-temporal changes in Earth's gravity field. At basin scale, GRACE data can be used to derive the monthly changes of the total land water storage (Ramillien et al., 2005; Landerer and Swenson, 2012) with an accuracy of ∼1.5 cm of equivalent water thickness when averaged over surfaces of a few hundred square-kilometers. In this study, we use monthly GRACE solutions from the Geo Forschung Zentrum (GFZ), the University of Texas Center for Space Research (UTCSR) and the Jet Propulsion Laboratory (JPL) from February 2003 (data are missing for January 2003) to December 2007 in order to analyze the time variations of the water mass changes in the GB basin. Unfortunately, the GRACE solutions suffer from the presence of an unrealistic high frequency noise corresponding to north-south striping that is caused by orbit resonance during the Stokes coefficients determination and aliasing of poorly modeled short-term phenomena. To attenuate the noise in the Level-2 GRACE solutions, we used the global solutions post-processing by an Independent Component Analysis (ICA) approach based on the combination of GFZ/UTCSR/JPL solutions of the same monthly period to isolate statistically independent components of the observed gravity field, and mainly the continental water storage contribution (Frappart et al., 2010b (Frappart et al., , 2011b . These data will be soon available at: http://bgi. obs-mip.fr/
Precipitation estimates from TRMM 3B43
We used the Tropical Rainfall Measuring Mission (TRMM) 3B43 v7 product which is a combination of monthly rainfall at a spatial resolution of 0.25 • and currently available from January 1998 to December 2013. This dataset is obtained by combining satellite information from the passive TRMM Microwave Imager (TMI) and Precipitation Radar (PR) onboard the Tropical Rainfall Measuring Mission (TRMM), a Japan-U.S. satellite launched in November 1997, the Visible and Infrared Scanner (VIRS) onboard the Special Sensor Microwave Imager (SSM/I) and rain gauge observations. The dataset results from the coupling of the TRMM 3B42-adjusted merged infrared precipitation with the monthly accumulated Climate Assessment Monitoring System or Global Precipitation Climatology Center Rain Gauge analyses (Huffmann et al., 2007) . It is available on the Goddard Earth Sciences Data and Information Services Center (GES DISC) website: http://daac.gscf.nasa.gov 2.3.3. Ganges-Brahmaputra in situ river heights and altimeter-derived river discharge
We use hydrological observations over the Ganges and Brahmaputra Rivers in Bangladesh monitored by the Bangladesh Water Development Board (BWDB) [http://www.bwdb.gov.bd/]. These data, including in situ river level and discharge, are collected at the two basin outlet stations before the confluence of these two rivers, as shown in Fig. 3 (Papa et al., 2010b (Papa et al., , 2012a . In order to evaluate radar altimeter time series, we will use in situ river height measurements comprising of 858 infrequent measurements made at Hardinge station for the Ganges from May 2006 to August 2011 and 102 infrequent measurements made at Bahadurabad station for the Brahmaputra from January 2008 to August 2011. This is also discussed further in Section 2.4.
Along with the in situ river level measurements, the results regarding the surface water storage are evaluated against the total discharge at the Ganges-Brahmaputra mouths derived from satellite altimeter as in Papa et al. (2010b Papa et al. ( , 2012a .
Evaluation of ENVISAT radar altimetry over the Ganges-Brahmaputra
The uncertainty associated with the altimeter-derived water level height of large rivers ranges from 5-25 cm for high water season to 12-40 cm during low water season (Frappart et al., 2006; Santos et al., 2012) . In order to evaluate ENVISAT performances over the Ganges and Brahmaputra, we select the nearest virtual stations to the Hardinge and Bahadurabad gauging stations (Fig. 3) . The virtual station on the Ganges (23.82 • N; 89.52 • E, on the ENVISAT track 337) is located ∼40 km downstream of Hardinge and the one on the Brahmaputra (25.72 • N; 89.76 • E, on the ENVISAT track 795) is located ∼50 km upstream of Bahadurabad. At these locations, the river width for low/high water stages is 3/6 km for the Ganges and 4/10 km for the Brahmaputra. Fig. 4 shows the ENVISAT-derived times series of river level height at Hardinge and Bahadurabad (estimated in Section 2.2) and the comparison with the in situ river level measurements at each station. Note that these two datasets are independent. Since altimeter-derived water level heights are expressed with respect to a geoid model, there is no common height reference when compared to in situ water level heights, resulting in a natural difference in absolute values. A large seasonal cycle is observed with annual height variations exceeding 8 m for both rivers. For the period of common availability, times series (every 35 days for the altimeter-derived observations) show a very good agreement ( Fig. 4a and c) and have a similar behavior in the peak-to-peak height variations. Over the Ganges, from 2006 to 2010, there are 38 dates where measurements are simultaneously available (i.e., plus or minus two day apart). Similarly, for the Brahmaputra, there are 29 measurements simultaneously available for the ENVISAT-derived and the in situ height observations. Fig. 4b and d show the relationship between the satellite-derived river height and the in situ observations, confirming the good agreement between the two data sets with a correlation of 0.98 (p-value (hereafter, p) <0.01) and 0.99 (p < 0.01) for the Ganges and the Brahmaputra, respectively. We estimated the standard error to be of ∼0.36 m at Hardinge and ∼0.29 m at Bahadurabad, which is typically in the range of accuracy of altimetric observations over large rivers (0.1-0.2 m for instance over the Amazon (Frappart et al., 2006; Birkett et al., 2002) ). These results are similar to the 0.28 m (resp. 0.19 m) found using Jaons-2 over the Ganges (resp. the Brahmaputra) in Papa et al. (2012a) .
Note that this accuracy strongly depends, among other factors, on the width and morphology of river channels and their banks. In general, the accuracy is reduced over narrower rivers and/or in presence of vegetation. For instance, at the virtual stations, the width of the river channel is always larger in the Brahmaputra River than the Ganges, River, which might explain in part the marginally better accuracy of the river level measurements over the Brahmaputra River than over the Ganges River. Nevertheless, the good match between ENVISAT-derived water level height and in situ observations at Hardinge and Bahadurabad gives confidence for using radar altimeter-derived time series over the GB basin.
Methodology to estimate the surface water storage
The method used to estimate surface freshwater storage consists of the combination of the surface water extent from GIEMS (Section 2.1) with altimeter-derived water level heights estimated at 58 virtual stations (Section 2.3.1). Here we use both dataset during their coincident years of availability, the period of [2003] [2004] [2005] [2006] [2007] . The two-step methodology is described in details in Frappart et al. (2011 Frappart et al. ( , 2012 and is briefly summarized below.
Monthly water level maps
Monthly maps of water level over the GB River Basin are generated by combining the observations from GIEMS and ENVISAT RA-2 derived water levels. Following Frappart et al. (2008 Frappart et al. ( , 2011 , water levels for a given month are linearly interpolated over the GIEMS pixels which are estimated as inundated. Each monthly map of surface water levels has a spatial resolution of 0.25 • and the elevation of each pixel is given with reference to a map of minimum water levels estimated for the entire observation period (2003) (2004) (2005) (2006) (2007) ) using a hypsometric approach (see Figure S1 from Frappart et al. (2012) and Papa et al. (2013) ). This approach helps to take into account elevation differences in each cell area, for instance, the difference in elevation between the river level and the floodplain. For each inundated pixel P of coordinates ( i ,ϕ i ), the minimum elevation h min during the observation period T for a percentage of inundation˛from GIEMS is given as:
where˛varies between 0 and 100 and t is a monthly observation during T. The minimum elevation H min for a pixel of coordinates ( i ,ϕ i ) during the observation period T is hence:
where ˛is the increment in percentage of surface water extent (a step of 1% was chosen here). Fig. 5 shows the seasonal evolution of water levels in the GB basin for the period May 2007 to October 2007 covering a full monsoon period. The maps exhibit very realistic spatial patterns over the season with increasing water levels in June-July (up to 4-5 m) to reach their maximum values in the lower part of the basin in August-September (up to 7-8 meters), particularly in the lower reaches of the Ganges and Brahmaputra Rivers, similar to what is observed in the in situ gauge records at Hardinge and Bahadurabad. From October, the water levels start to decline, responding to the end of monsoon season.
Monthly GB time series of surface water volume variations
Following (Frappart et al., 2011 (Frappart et al., , 2012 , the time variations of surface water volume at the basin scale, are computed as
where V SW is the volume of surface water, R e the radius of the Earth (6378 km), P( j ,ϕ j ,t), h( j ,ϕ j ,t), h min ( j ,ϕ j ) are respectively the percentage of inundation, the water level at time t, and the minimum of water level at the pixel ( j ,ϕ j ); and ϕ are respectively the grid steps in longitude and latitude. The minimum of water level is estimated through a hypsometric approach relating the percentage of inundation of a pixel to its elevation. Monthly surface freshwater storage and their variations are estimated for the period of 2003 . Following Frappart et al. (2008 , the maximum error on the volume variation is estimated as
where V sw,max is the maximum error on the water monthly volume anomaly, S max is the maximum monthly flooded surface, ıh max is the maximum water level variation between two consecutive months, S max is the maximum error for the flooded surface, and (ıh max ) is the maximum error for the water level between two consecutive months. 
Monthly GB time series of rainfall and TWS volume variations
Accordingly, the time variations of volume of rainfall from TRMM and TWS anomalies from Level-2 GRACE solutions filtered using an Independent Component Analysis (ICA) approach are computed following Ramillien et al. (2005) :
where P( j ,ϕ j ,t) and h tot ( j ,ϕ j ,t) are the rainfall and the anomaly of TWS at time t of the pixel of coordinates ( j ,ϕ j ) respectively. Fig. 6 shows the spatial distribution (annual mean, standard deviation, and mean annual maximum) of SWS for the entire GB basin. In parallel, Fig. 7 exhibits the temporal variations over the period of [2003] [2004] [2005] [2006] [2007] (Fig. 7a, c and e) and the seasonal cycle (averaged over 2003 and f) of the surface water volume aggregated for entire GB basin, and only the Ganges and Brahmaputra Basins. These time series are compared with GRACE-derived TWS over the same period and same geographical locations mentioned above.
Results, evaluation and discussion
In terms of spatial distribution, Fig. 6 shows realistic structures with larger surface water volume and changes observed along the main stems and major tributaries/distributaries of both rivers. Following the spatial distribution observed in GIEMS estimates (Fig. 2) , both floodplains associated with the river channels in the GB Basin and delta plains in southern Bangladesh are well delineated. On average, Fig. 6a and b show SWS variations along the main stems of less than ∼1 km 3 . Fig. 6c shows that SWS can reach up to more than 2 km 3 during the monsoon period with high SWS at pixel level in the main channels of the Ganges and Brahmaputra. Fig. 6 also shows that during the summer season (June-July-August), the evolution of SWS greatly varies for two hydrological contrasted years, 2003 (Fig. 6d-f) and 2006 (Fig. 6g-i ). The seasonal evolution shows that SWS initially increases in the main channel of the Brahmaputra River in June, followed by an increase in SWS in July in the Gangetic floodplains, along main channel of the Ganges and at the confluence of the GB rivers. The maximum SWS is reached in August. Higher SWS is observed in 2003 compared to 2006, revealing a rather strong year-to-year variability. In terms of temporal variation, as expected, a strong seasonal cycle is evident (Fig. 7) , for both rivers and the entire GB basin. For GB basin, the mean annual amplitude of SWS is of ∼410 km 3 (Fig. 7a and b) . This amounts to ∼39% of the total volume of water that flows out the GB basin into the Bay of Bengal annually (Papa et al., 2012a; Dai et al., 2009 ). Using (6), we estimated the maximum error for the volume change in the G-B basin with the following values:
S max = 191, 000 km 2 ;
ıh max = 1 m, mean maximum water level change between two consecutive months during the study period over the whole area;
S max = 10% from Prigent et al. (2007) of 191,000 km 2 ; (ıh max ) = 0.4 m, maximum dispersion of the altimeter measurements over the whole area. For GB, we obtained a maximum error of ∼96 km 3 for a mean annual variation of 410 km 3 , i.e., an error of ∼24%. This is of the same order of magnitude as the maximum error (23%) found over the Rio Negro in Frappart et al. (2008 Frappart et al. ( , 2011 .
SWS gradually builds in June and reaches a maximum value is observed in August, one month ahead of the annual peak in GRACE-derived TWS, and SWS starts to decrease from September to reach a minimum value in January-February, three months before GRACE-derived TWS minimum is recorded in May. This delay can be explained by the exchange of water from the surface reservoir to the sub-surface/groundwater reservoir and by the slower sub-surface/groundwater flow in comparison to the surface water movement, causing this 1-to-3-month delay in the annual cycle and in the peaks timing. A similar behavior is observed for the Ganges and Brahmaputra basins separately. Specifically, the SWS annual amplitude is ∼300 km 3 for the Ganges whereas it is slightly lower for the Brahmaputra, 250 km 3 , with a peak value observed in July, two month ahead of the GRACE-derived TWS peak in September. Fig. 7b also shows that the annual variations in surface water reservoir represents about ∼45% of the TWS variations as measured by GRACE. The seasonal SWS variations represent ∼51% and ∼41% of the GRACE-derived TWS variations in the Ganges and the Brahmaputra basin respectively.
The new estimates of surface water storage also show a substantial interannual variability at basin scale (despites the short 5-year record), especially in terms of annual maximum. For instance, the year 2003 exhibits a larger summer peak than in 2006 for all three cases. The correlation coefficients between surface water storage and GRACE-derived TWS are high with R = 0.95 (60 months, p-value < 0.01) and a lag-time of 1 month for the GB basin (R = 0.91 with a lag-time of 1 month for the Ganges basin and R = 0.96 with a lag-time of 1 month for the Brahmaputra basin).
Given the absence of other independent, large-scale, multiyear SWS estimates over the GB basin, the seasonal and interannual variability of our results over [2003] [2004] [2005] [2006] [2007] are evaluated by comparison with related hydrological variables (Fig. 8): (i) satellite altimeter-derived river discharge measured at Hardinge and Bahadurabad (see Fig. 3 for their locations) and at the GB river mouths (Papa et al., 2010b (Papa et al., , 2012a ; (ii) basin-scale estimates of precipitation from TRMM (Huffmann et al., 2007) ; (iii) and variations of GRACE-derived TWS. Fig. 8a shows that the time series of the river discharge is closely linked to the total amount of SWS in the entire basins, with a high maximum lagged correlation (R > 0.90). Furthermore, the lagged correlation between the SWS and basin-averaged precipitation also high (>0.8), with rain leading the SWS changes by 1 month. The normalized deseasonalized anomalies (computed by subtracting the 5-year mean monthly value from the monthly time series) also show good agreement in the temporal patterns between the four variables (Fig. 8b, d and f) . and human activities, as well as on the regional climate and biogeochemical and carbon cycles. Our new dataset now offers the opportunity to study the signatures of such droughts on the dynamics of SWS. For instance, we estimate that the amount of surface water stored in the entire GB basin during July-September 2006 was about ∼60 km 3 that is ∼30% below for the July-September months compared to 2003-2007 average, with a maximum deficit of ∼35% in SWS for the Brahmaputra River basin.
Disaggregation of GRACE-derived TWS into satellite-derived Sub-Surface Water Storage variations (SSWS) is carried out following equation (1) and using our new SWS estimates. SSWS is defined as the sum of GWS and SMS changes. We assume that changes in freshwater storage derived from ice and snow (ISS) are negligible and hence not considered here. The choice of estimating the sole sub-surface water storage variations instead of disaggregating this term into GWS and SMS changes is driven by the poor quality and the large uncertainties associated with existing satellite-derived (AMSR-E, SMOS, representative of the very first cm below the surface) and land-surface model outputs of soil moisture over the GB basin. Over Bangladesh, for instance, Shamsudduha et al. (2012) reported large differences in the SMS annual amplitudes in three commonly used land-surface models (CLM, NOAH, VIC) with differences up to 300% among the datasets.
Monthly estimates of water storage in the three different hydrological reservoirs are computed for 5 years (2003) (2004) (2005) (2006) (2007) and are shown in Fig. 9 (the black curves and green curves are identical to the ones in Fig. 7 ). In agreement with the results of TWS and SWS changes, SSWS also shows a strong seasonal cycle, for the entire GB basin (Fig. 9a) , and for each of the rivers (Fig. 9c and e) . For the GB basin, the mean annual amplitude of SSWS is ∼550 km 3 (Fig. 9a and b) with a peak amplitude in October. A similar pattern is observed for the Ganges and Brahmaputra basins, with an annual amplitude of ∼290 km 3 for the Ganges River (peak in October) and ∼320 km 3 for the Brahmaputra river (peak in August). However, because of the lack of independent, basin-scale and varying estimates of SSWS over the region, the seasonality and variability of our results cannot be thoroughly evaluated. Our results are of the same order of magnitude as some crude estimates of the total replenishable groundwater resources in the Ganges River basin estimated to be around ∼180 km 3 /year (source: http://www.nih. ernet.in/rbis/rbis.htm from the National Institute of Hydrology, Roorkee, India).
Finally, Fig. 10 shows a spatial distribution of Ganges-Brahmaputra SSWS anomalies for two con- (Fig. 10a) can reach up to 3 km 3 in the Ganges River basin, with an annual amplitude (Fig. 10b) more than 5-6 km 3 , especially in the southern west part of the basin. On the contrary, 2006, a dryer year, shows lower maximum anomalies of SSWS (Fig. 10c, below 2 km 3 ) and smaller annual amplitude reaching at most 4 km 3 (Fig. 10d) .
When reliable information on SMS changes at basin-scale becomes available, our new estimates of SWS can be applied to disaggregate SSMS anomalies to derive GWS changes over the GB Basin.
Conclusion and perspectives
This study presents an observation-based dataset that quantifies basin the monthly distribution and variation of surface freshwater storage for the entire Ganges-Brahmaputra basin, at ∼25 km spatial resolution over 5 years, 2003-2007 . The method applied here is based on the combination of surface water extent from a multi-satellite technique (GIEMS) and water bodies level height variations from radar altimetry. A total of 58 time series of water level variations were constructed using the ENVISAT radar altimeter observations over the Ganges and Brahmaputra Rivers. A direct comparison with in situ river level variations at two stations, Hardinge on the Ganges and Bahadurabad on the Brahmaputra, confirms that ENVISAT radar altimeter can adequately monitor the river stage variations of these two rivers.
The new estimates of monthly SWS show realistic spatial distribution over the entire GB. The associated temporal variations exhibit a strong seasonal cycle and substantial interannual variability. The mean annual amplitude of ∼410 km 3 in SWS over the GB Basin contributes to approximately 45% of the annual variations of GRACE-derived TWS. Annual SWS is estimated to be ∼300 km 3 and ∼250 km 3 for the Ganges and Brahmaputra Basin, respectively. The monthly SWS variations for the period 2003-2007 are evaluated against other related hydrological variables such as satellite-derived river discharge, precipitation and GRACE observations, showing that the seasonal and interannual variations agree well among all variables. We demonstrate that this new dataset can help in quantifying the surface water deficit during an extreme hydrological year. We estimate that the SWS deficit over the entire GB basin in July-August-September 2006 was about 30% as compared to other years.
Finally, the new SWS product can be used to separate the individual contribution of GRACE-derived TWS, such as isolating the variations of subsurface water storage (SSWS) (groundwater + soil moisture). We disaggregate the GRACE-derived TWS over the GB Basin for the period of [2003] [2004] [2005] [2006] [2007] and find that the mean annual amplitude of SSWS of the entire basin is ∼550 km 3 . When reliable estimates of soil moisture storage change become available from satellite observations or hydrological model outputs, our results will also help estimate the GWS variations over the GB basin. Bringing together all these hydrological variables with estimates of river discharge, rainfall and surface evaporation will improve our knowledge on different water storage components and their contributions toward the terrestrial water budget over the GB Basin (Azarderakhsh et al., 2011) .
This new and unique surface water storage and sub-surface water storage datasets for the GB basin over 5 years is a step toward a better understanding of hydrological and climate processes in the Indian Subcontinent region and their interactions with human activities (we note these datasets will be updated until present in the near future when global land surface emissivities become available along with the new CNES-ISRO radar altimeter AltiKa). In particular, this new dataset will help better characterize the continental processes during extreme events such as exceptional droughts in the GB basin, as well as to better quantify the causes and impacts of the actual "groundwater depletion" observed in the region.
Regarding satellite observations, our new dataset will play a key-role in the definition and validation of future hydrology-oriented satellite missions such as the NASA-CNES SWOT (Surface Water and Ocean Topography) dedicated to surface hydrology (Alsdorf et al., 2007; Papa et al., 2012) .
Finally, surface freshwater storage is crucial to understand the role of continental water in the global and regional water cycle and present global sea level rise. Despite recent progress to quantify the two primary contributors to global sea-level rise -namely thermal expansion due to ocean warming and melting glaciers and ice sheets, large uncertainties still remain regarding the impact of changes in continental water storage on global and regional sea levels. Our estimates of SWS variations can be extended over the entire ISC in order to better quantify fluctuations in freshwater flux to the ocean, and to better understand the role of terrestrial water in the continent-ocean interactions and its impact on regional sea-level rise and variability over the Northern Indian Ocean (Ramilien et al., 2008; Pokhrel et al., 2012; Wada et al., 2012) .
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